This study, conducted in the Black Volta basin of Ghana, determined how well TRMM Multi-Satellite Precipitation Analysis (TMPA) data compare with rain gauge measurements. The potential of using the TMPA data as inputs into a hydrological model for runoff simulation in a data-scarce basin was also assessed. Using a point-to-grid approach, accumulations of ground measured rainfall on daily, monthly and annual time scales were compared with accumulations derived from TMPA daily rainfall grids. The TMPA derived data together with other free global data were used as input into the soil and water assessment tool (SWAT) to set up a hydrological model for the basin. This model was calibrated and validated using streamflow data from a station located downstream of the basin. The study results showed a correlation from 0.85 to 0.92 for the monthly accumulated rainfall. Also, good Nash-Sutcliffe efficiencies of 0.94 and 0.67 were obtained for calibration and validation, respectively, on monthly scale. Moreover, simulation of streamflow was 'satisfactory' to 'very good' in terms of trends and residual variation. The study, therefore, shows that the use of satellite rainfall in the basin would be of great benefit considering the difficulties in accessing data across the basin.
INTRODUCTION
Hydrological modelling in data-scarce basins across the globe has always been a challenge. This situation is com- in the Volta basin underscored the increasing use of large-scale hydrological models as the main assessment tool for global/regional water resources and the challenges associated with basins in Africa, which usually have sparse data and are poorly gauged. The availability of high quality and consistent data is usually a challenge making it difficult to set up regional models for water resources assessment.
Thus, the aim of the research was: (1) to validate satellitederived rainfall estimates by comparing them with ground-measured rainfall; and (2) to assess the suitability of using the satellite rainfall with other free global data sets as inputs into soil and water assessment tool (SWAT) to set up a hydrological model for runoff simulation in the Black Volta basin, which has been described as data scarce (Van de Giesen et al. ).
The SWAT model used in this study was generally developed for predicting the impact of land management practices on water, sediment and agricultural chemical yields in large complex watersheds with varying soils, land use and management conditions over long periods of time.
It is a continuous time model, semi-distributed and physically based (Arnold et al. ; Neitsch et al. ) . Due to lack of data in some parts of the basin and the sparse distribution of rain gauges, rainfall estimates provided by the USGS were used to model streamflow in the Black Volta basin.
TMPA rainfall has been used for the hydrological model in a few reported studies including a study by Mango et al. The climate of the Black Volta basin is semi-arid to subhumid with reference evaporation exceeding precipitation.
There are two distinct seasons in the basin, namely the dry and rainy seasons, which are largely influenced by the West African monsoon (Global Water Partnersip ).
The annual rainfall in the basin ranges from 600 mm to 1,348 mm while the reference evaporation ranges from Table 1 were used.
METHODOLOGY AND TOOLS
The data were obtained from the TRMM Online Visualization and Analysis System. The downloaded TMPA data were first compared with measured rainfall from some selected rain gauge (RNG) stations within the basin with minimal missing values before pre-processing them for use in ARCSWAT. A point-to-grid comparison was used to extract the daily time series from the data sets. Thus, the value for the grid within which a meteorological station is located was extracted and used for analyses. Using this approach, the time series data were extracted for the selected representative stations across the basin and compared with their respective RNG measurements.
The TMPA data set is produced as daily grids and has a spatial resolution of 0.25 W × 0.25 W . SWAT, however, does not accept gridded meteorological data but uses the stations closest to the centroid of a sub-basin as the meteorological station for that sub-basin. Thus, to use the TMPA data in SWAT, the centroids of the grids were calculated and used as virtual rainfall stations for the distributed nature of the satellite rainfall to be effectively utilized.
SWAT requires other data sets in gridded formats; hence, the other required gridded inputs were obtained from freely available global sources (Table 1) (Table 1 ). The calibration of the model parameters was carried out using two approaches; namely, the value and relative approaches. A code was placed beside each parameter to be calibrated to indicate the type of change to be applied to the parameter. In the case of the parameters whose initial values were obtained at the hydrologic response unit (HRU) level based on soil, land use or slope map, the relative (r) change method was used to preserve the variability in the values across the different sub-basins.
The value (v) change method was, however, used for those parameters having a single value for the basin.
The 'v' change method means the existing parameter value is to be replaced by the given value while the 'r' change method means the existing parameter value is to be multiplied by (1þ a given value).
In the model validation process, the final parameter set of the simulation that gave the best fit and, thus, had the highest Nash-Sutcliffe efficiency (NSE) was used to re-run the SWAT model without adjusting the parameters. The performance of the model in both calibration and validation processes were evaluated using the recommended statistics by Moriasi et al. () .
These recommended statistics are the NSE in Equation
(1), percent bias (PBIAS) in Equation (2) and the root mean square error observations standard deviation ratio (RSR) in Equation (3). Their study (Moriasi et al. ) recommended ranges of these statistics ( Table 2 ) that can be used to assess the performance of a calibrated model based on streamflow.
RESULTS AND DISCUSSION
Comparison of daily rainfall
The results from the comparison of the daily rainfall from the TMPA data set and the rain gauge measurements show very weak correlations, ranging from 0.25 to 0.40, between the two data sets (Table 3) . This poor correlation is as a result of the differences in the time of accumulation for the two different data sets. The daily accumulated TMPA begins at 00Z and ends at 21Z, which is equivalent to the UTC time zone. However, the ground measured accumulations are from 09:00am to 09:00am UTC. This difference in the accumulation periods is one of the main reasons for the very poor correlation between the data sets. This was further corroborated when the correlation coefficients between the two data sets improved when a 2-day running average was carried out on the two data sets (Table 3) . short life of the cloud cells and the frequency of satellite passes during the 24-hour period.
Comparison of monthly rainfall
The correlation coefficients for the monthly accumulations, which were obtained from the daily data set, ranged from 0.85 to 0.92 with a mean monthly rainfall of all the stations having a correlation coefficient of 0.97 (Table 4) This result indicates that the TMPA can be used to describe the long-term rainfall characteristics of the basin.
Both underestimations and overestimations were
recorded at all the stations (Figure 3) . However, the TMPA is more likely to overestimate in the basin. The number of months in which TMPA overestimated was higher than 50% at all the stations except at Kintampo station, which was slightly lower than 50% (Table 5 ). The bulk of underestimations or overestimations at most stations was below 30 mm with just a few stations above 30 mm.
Comparison of annual rainfall
The results of the annual rainfall calculation for each station are shown in Tables 6 and 7 . The result indicates both underestimation (negative bias) and overestimation (positive bias) of the annual RNG rainfall by the TMPA annual accumulations.
The overestimations and underestimations were mostly below 20% of the RNG measured rainfall with just a few exceeding 20% at some stations. These results show that the TMPA data can be used to describe the long-term climate of a basin when gauged data are not available since the biases were relatively small in most of the years. The correlation between the two data sets can be improved through error modelling in the catchment based on a dense network or wide distribution of meteorological stations.
Selection of pre-calibration parameters
The selection of pre-calibration parameters was done through a review of the literature on the application of SWAT in different catchments across the globe and, especially, in catchments, which have characteristics similar (Table 9) ) were selected for the calibration of the model after the sensitivity approach.
Sensitivity analysis of parameters
The sensitivity of the parameters used in the modelling are summarized in Table 8 (Table 8) show the most sensitive parameters were the SCS curve number, soil available water storage capacity and the soil evaporation compensation factor. These parameters go to show that more emphasis should be placed on getting very good land use/land cover and soil properties data for the basin since they have a high impact on the model performance.
Calibration and validation
Using the NSE as the main evaluation criteria, the model was calibrated using monthly observed flows at the Bui discharge station. Although inputs in the model were on a daily time scale the model was calibrated and validated using the monthly outputs. Also, the quality of the final parameter ranges and the fitted values for the last iteration of SUFI-2 are shown in Table 9 . The values obtained are consistent with results obtained from SWAT modelling in some major basins in West Africa (Schuol et al. ) .
The performance of the model (Table 10) Existing parameter value is to be replaced by the given value. the low flows to the total streamflow compared to that of the high flows is less significant. Thus the use of NSE as the main evaluation criterion is still appropriate. The representation of groundwater flow in SWAT is simplified; hence, the appropriate calibration of low flows is, sometimes, a challenge for basins, which have significant periods where flows are mainly as a result of groundwater contribution.
As can be observed in Figures 4 and 6 , the model is not good at simulating very high flows. Therefore, flows above The use of the satellite-derived rainfall estimates as input into the SWAT model for the basin indicated that a model set-up using the data would not be good for flood analysis since its peak discharge estimates were not very good. However, the model showed indications of 'very good' to 'satisfactory' performance according to the PBIAS and the RSR at the downstream station. Also, the model simulation of the overall streamflow was 'good' to 'very good' in terms of trends and magnitude (R and NSE). Therefore, the use of satellite data in the study basin for water resources assessment would be of great benefit considering the difficulties in accessing data both locally and from the other riparian countries. The methods applied in this study can also be replicated in other data-scarce basins across the globe for hydrological studies.
This study had some limitations, which included our inability to access ground meteorological measurements across the whole basin. Also, some of the discharge data obtained had some reliability issues during verification and cross-validation and, thus, only one station which was found to be reliable was used for the model calibration and validation. These limitations made it difficult to set up a model solely based on ground measurements for comparison with that of the satellite-based model.
One of the ways which can greatly help in the improvement of satellite-derived rainfall estimates, to enable its direct application in hydrological modelling, is to encourage a great deal more localized validation of the rainfall esti-
mates. This will help in the assessment of the performance of the estimates in different climatic zones and regions.
This will also lead to the development of more refined algorithms incorporating more localized data and conditions leading to better estimates.
